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Abstract
Wireless Sensor Networks (WSN) produce a large amount of data that need to be processed, delivered and assessed 
according to the application objectives. A WSN may be designed to monitor the working state of power transformer 
timely, efficiently and remotely by virtue of the sensor nodes placed in transformer oil, gathering the real-time data of 
the dissolved multi-component gases in oil. The way these data are manipulated by the sensor nodes is a fundamental 
issue and information fusion arises to process data gathered by sensor nodes and benefits from their processing 
capability. This paper presents a novel method to diagnose transformer fault making comprehensive use of extension 
theory and multivariate optimization of fusion theory, which can effectively and intelligently diagnose transformer 
fault types, providing more convenience for the workers on remote monitoring and improving the intelligent degree 
of the fault diagnosis.
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1. Introduction
Transformer fault diagnosis is the key technology of transformer condition maintenance, and is the 
premise and basis for improving the level of transformer operation and maintenance and ensuring a
reliable supply of electricity [1]. In order to ensure the reliable and efficient operation of power grid, more 
and more new technology of transformer fault diagnosis, such as the Expert System (ES), Neural Network 
(NN), Grey Correlation Analysis, Fuzzy Clustering Analysis, Probability Reasoning and Fuzzy 
Mathematics etc.. However, it brings many unfavorable factors for the accurate prediction and assessment 
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of power transformer fault on account of the complex environment of electrical equipment, the varied and 
uncertainty parameters of dissolved gases in transformer oil.
Therefore, it is of great significance to develop the effective power transformer fault diagnosis method
for electric power system security. In recent years, Information Fusion and Extension Theory have been 
separately applied to power transformer fault diagnosis. Weibing Xu applied partial estimates data fusion 
technology to a single sensor system to improve the reliability of the single sensors to collect data, but is 
not involved in the data heterogeneity existing between the multi- sensors [2]. D-S evidence theory is 
used to process the monitor data from multi-sensors and can effectively solve the problem that the single 
sensor cannot diagnose the transformer’s state of safety [3]. But it cannot work when faced with 
incomplete coding rules or many types of fault. The extension theory can be used to diagnose the types of 
transformer fault [4-6], and can effectively solve these problems above, but the paper [4-6] doesn’t 
address data infusion.
Aim at the mentioned problems above, the paper presents a novel method to diagnose transformer fault 
on the basis of multi-sensors information fusion technique and extension theory. How to accurately get
the characteristics of information data gathered and effectively diagnose transformer fault are the key and 
difficulty of the study. To facilitate the operators monitoring the working status of power transformer 
timely and safely, a WSN is deployed in the monitoring area. The sensor nodes of WSN placed in the 
transformer oil can gather and process real-time information of the dissolved multi-component gases (H2, 
CH4, C2H2, C2H4, C2H6, O2, CO, CO2, etc.) in oil. Information fusion technique is used to process and 
optimize the data to get more objective, complete and accurate data. WSN has many advantages, such as 
simple structure, low cost, security, convenient, intelligent, efficient and realizing multi-point monitoring 
without power cables and communication cables, etc..  The method proposed in this paper which contains
quantitative analysis and qualitative analysis, based on the extension set theory, the element theory and 
the correlation function is used for fault diagnosis, can make a more refined diagnosis, 
2. Overall Scheme of Transformer Fault Diagnosis System
Five gases of H2, CH4, C2H2, C2H4 and C2H6 are recommended as the key data to be acquired,
processed and optimized according to the national standard GB7252-87 “Guide to the analysis and the 
diagnosis of gases dissolved in transformer oil”. The three ratios of gas concentrations are encoded, and 
transformer condition is online evaluated on the basis of the national standard. The framework for overall
scheme of transformer fault diagnosis system is shown in Figure 1.
Fig. 1. The framework for overall scheme of transformer fault diagnosis system.
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Fig. 2. Function & structure of information fusion.
This framework is based on WSN topology. Firstly, monitoring sensors will be equipped with sensor 
nodes deployed in the monitoring area of power transformers. Secondly, the gas parameters gathered by 
sensors are transformed by the hop-by-hop way through sink nodes. The PC-based gateways are installed 
to transform data over RS-232 from sink nodes to data over TCP/IP to servers. Thirdly, the data is parsed
and processed by means of multi-sensor data fusion. At the same time, the system will analyze 
automatically the information using Extension theory and diagnose transformer fault intelligently. Finally, 
the assessment results of power faults will be displayed in the client terminal. These techniques can
improve the quantity of safety management and ease the work pressure of persons for safety supervision.
3. Real-time Information Gathering and Information Fusion of Transformer
A lot of research results show that the composition and content of the gases dissolved in transformer 
oil have a close relationship to transformer fault type and fault severity [7]. This paper applied WSN to
data perception and data gathering based on Dissolved Gas Analysis (DGA), monitoring a variety of gas 
composition in the transformer oil through wireless data gathering terminals of the dissolved multi-
component gases, which is the most important component of transformer fault diagnosis. Figure 2 showed 
the structure of data gathering and information fusion structure of the Gases in transformer oil.
3.1. Parameter Information Gathering and Fusion
WSN can collect real-time information of gases dissolved in transformer oil by monitoring nodes with 
wireless sensors placed in transformers. Design of the sensor nodes should be simple and reliable, and 
these nodes are generally composed of sensor module (sensor, A/D converter), processor module (micro 
processor, memory), wireless communication module (wireless transceiver) and energy supply module 
(battery). In these designs, Atmega128 chip is selected as primary processor. The chip is a low-power 
microprocessor with CMOS 8-bit based on AVR RISC structure. Two main methods of the energy supply 
module design can be used alternately.
In the module of data receiving and transmitting, RF communication module uses Atmel AT86RF231 
2.4 GHz RF chip. Network communication protocol is adopted XMesh which was developed by 
American Crossbow company for wireless sensor network protocol. XMesh protocol has the following 
features [8]: self-organization, multi-hop routing and dynamic topology, etc..
3.2. Parameter Information Fusion in Transformer Oil 
It is inevitable to produce measurement difference and influence the consistency of data errors when 
measuring the parameters in transformer oil because of the influence of the uncertainty factors, such as 
sudden strong interference, the failure of measurement equipment itself, and so on. Therefore, it is 
indispensable to remove the errors of sampled data and eliminate the uncertainty of each parameter 
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measurement so as to improve the performance of transformer fault diagnosis to obtain more accurate and 
more reliable measurements. Usually, the conventional methods to eliminate the errors of sampled data
are: Grubbs's criterion, Wright criterion, Distribution graph, etc. Because the method of Distribution 
Graph has simple programming, high reliability and good real-time character, and do not suffer data 
distribution restrictions; this paper adopts it to effectively eliminate parameter data. The concrete steps 
are:
• Eliminate error parameters
Firstly, arrange N measurements and get an orderly measurement sequence: 1 2,  ,  , NX X XL .
Secondly, determine the median value MX . 
1
2 2
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Thirdly, using the formula of the second step to determine the quartile Hf and Lf . Hf is the median 
value for interval ],[ NM XX and Lf is the median value for interval ],[ 1 MXX .
Fourthly, determine the discrete degrees of the Quartile using the formula:
f H Ld f f= −                                     
(2)
Fifthly, identify effective data interval ],[ 21 ρρ using the formula:
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/ 2
L f
H f
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ρ β
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(3)
In the formula β is a constant and its size depends on the accuracy of measurement system, usually 1, 
2.
Sixthly, for orderly measurement data, If 1iX ρ≤ , ),L,2,1(2 NiXi =≥ ρ then eliminate this data. 
Or keep the data.
• Information fusion based on Bayes estimation theory
Bayes estimation theory is used to fuse and optimize the data processed by Distribution graph method
to eliminate the uncertainty of measurement data for more accurate and perfect gas information. More 
objective characteristic vectors which can reflect the working state of power transformer will be 
calculated. Specific implementations can refer to the literature [9-11]. 
4. Transformer Fault Diagnosis Model Based on Extension Theory
The extension theory is an emerging original subject which was invented by Cai [12], a Chinese 
scholar scholars in 1983. It studies the possibility of things to expand and is innovative development of 
rules and methods. The theory system including matter-element theory and extension set theory is a 
science studying matter-element and its transformations. The method system is constituted mainly by 
extension method, which make qualitative and quantitative analysis mixed, describing the real world 
further and visually, providing another way of resolving contradictions. By constructing comprehensive 
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evaluation matter-element model of multi-index performance parameters, it can give quantitative values 
to express assessment result and can roundly reflect the comprehensive level of the whole system [5, 12-
13]. In this paper, the extension theory model for transformer fault diagnosis is proposed, and the 
realization procedure is as follows.
4.1. Matter-element Theory
If we assume that Z represents the matter, C represents the characteristic, V represents the measure of 
the characteristics, and 1 2( , , , )nC c c c= L , where n represents the number of diagnostic index according to 
the concept of matter-element theory. System can diagnose the state level of power transformer fault. If 
we assume that the transformer state are constructed with five levels of state based on the characteristics 
of the various evaluation parameters, then ),L,,( 21 muuuU = .
=
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where jN represents the j-class status of the diagnostic categories and ijV represents the value for the 
range of the dc which is one index of jN . Set matrix of various indicators range and is listed below.
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where U represents all of power transformer state categories, nkV represents the value for the range 
of kc .
4.2. The Establishment of Matter-element Matrix
The paper selects the indexes of transformer status categories based on the gas dissolved in 
transformer oil. If we assume that a matter has n indexes and Z represents the matter which is the result of 
transformer fault diagnosis. A multidimensional matter element is defined as:

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                                         (6)
4.3. Determination of Association Degree
According to the concept of distance, the distance on real axis between point iV and a given real 
interval jiV is defined as:
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where ( , )i jiV Vρ represents the membership grade between iV and jiV , and n( , )i iV Vρ represents the 
membership grade between iV and niV .
Correlation function is expressed as blow: 
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If { }jLmVKVK ijim ,,2,1)],(max[)( ∈= , then iV belongs to mu . If ( ) 0m iK V ≤ ，then iV doesn’t 
belong to mu .
5. Example Analysis
5.1. Power Transformer Fault Diagnosis Standard
Chromatographic analysis of the gases dissolved in transformer oil is one of the effective methods to 
diagnose the internal latent fault of transformers, whose diagnosis process is generally based on the 
standard “Guide to the analysis and the diagnosis of gases dissolved in transformer oil”. It is shown by the 
practice that gas ratio method has a good many advantages of less fuel samples and higher analysis speed, 
therefore it is an effective method for transformer fault diagnosis. At present, three-ratio method is 
recommend for judging the fault types of electric equipments filled with oil, and is expressed in different 
encoding using three pairs ratios in five gases. This method is described for coding rules and fault type 
judgment method in GB/T 7252-2001 “Dissolved Gas Analysis and Judgment Guideline in Transformer 
Oil ". The coding rule is shown in Table 1 and judgment method of fault type is shown in Table 2.
5.2. The Fusion of Monitoring Data
The Method mentioned in Section 2.2 has been adopted into the system to preprocess and optimize the 
multi-sensor information which is gathered the sensor arranged in the transformer oil to get more accurate 
information. In order to illustrate the validity of the proposed method and have a general representation of 
diagnosis results, in the experiment ten nodes were arranged in the No. 1 power transformer in a power 
company. Five kinds of gas sensors are encapsulated in each node for detecting and gathering the 
dissolved gas content in transformer oil.
• Data preprocessing
Hydrogen is as an example to introduce the process. First, ten gas data which is gathered by the 
sensors at some point, is arranged in ascending order, as shown in Table 3.
According to the method of Distribution Graph in section 2.2, the median MX computed is 196, 
quartile dispersion d f computed is 10. If the value of β is set to 1, the blunder error (176,184,207) should 
be deleted. In Table 4 are listed the   consistency data obtained.
• Information fusion of multi-sensor data
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The consistency data after negligent errors eliminated are processed though Bayes estimation theory to
get the best data fusion hydrogen. The credibility and importance of the monitoring data from the 
different sensors must pay attention before information fusion of multi-sensor data. There are usually the 
main factors to be taken into consideration: sensor accuracy, quality and installation, etc.. To ensure the 
accuracy of variance of the measurement data for each sensor, the laboratory tests for each sensor have 
been done. The variance values ( )01L,2,1(2 =iiσ ) of ten sensor measurements of Table 3 are: 0.35, 
0.39, 0.41, 0.33, 0.27, 0.38, 0.29, 0.23, 0.34 and 0.27. According to Bayes estimation theory in literature 
[9-10], the formula of optimum value of Bayes fusion is inferred:
Table 1: The coding rule
Ranges of 
gas ratio
Codes of different gas ratios
C2H2/C2H4 CH4/H2 C2H4/C2H6
<0.1 0 1 0
≥0.1~ <1 1 0 0
≥1~ <3 l 2 1
≥3 2 2 2
Table 2: Judgment method of fault type
NO
Codes of the ratios Fault type and codes
C2H2/C2H4 CH4/H2 C2H4/C2H4 Fault type Codes of fault type
1
0
0 1 Thermal fault of low temperature(<150
oC) 1I
2 2 0 Thermal fault of low temperature150-300
oC 2I
3 2 1 Thermal fault of medium temperature300-700
oC 3I
4 0, l, 2 2 Thermal fault of high temperature>700
oC 4I
5 1 0 Partial discharge of low energy density 5I
6
1
0,1 0,1,2 Partial discharge 6I
7 2 0,l,2 Partial discharge and superheat 7I
8
2
0,1 0,1,2 Discharge of low energy 8I
9 2 0,1,2 Discharge of low energy and superheat 9I
Table 3: The multi-sensor data of hydrogen
iX 1X 2X 3X 4X 5X 6X 7X 8X 9X 10X
H2 176 184 187 193 195 197 199 201 203 207
Table 4: The consistency data after negligent errors eliminated
iX 3X 4X 5X 6X 7X 8X 9X
H2 187 193 195 197 199 201 203
0
2 2 2 2
1 10 0
1 1
' ( ) /( )
m m
i
i ii i
X X
µ
σ σ σ σ= =
= + +∑ ∑                          (10)
where
iX is the value of testing set. iσ represents standard deviation of the data gathered by i sensor. 
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0X , 0σ are the average value, standard deviation of m monitoring data, respectively. According to the 
formula 10, the optimum fusion value of computed is 197.
Similarly, the optimum fusion values of multi-sensor data computed of CH4, C2H2, C2H4, C2H6 are 
18.3, 0.4, 49.6 and 34, respectively.
5.3. Comprehensive Diagnosis of Transformer Faults 
More accurate and complete information on the main parameters of the gases dissolved in transformer 
oil can be gathered after Bayes fusion method. However, it is difficult to accurately diagnose the working 
status of transformer by three ratio method because of the two main reasons: one is incomplete standard 
code, as mentioned in the above case, the coding combination of C2H2 / C2H4, CH4 / H2, C2H4 / C2H6 is 0, 
1, 1, which is no corresponding coding in Table 2 and accordingly no types of fault in Table 3.The other 
is that one coding combination diagnose only one type of fault, and is unable to do multiple fault 
diagnosis [11]. The extension theory can make more accurate fault diagnosis. According to the fault 
diagnosis model base on extension theory in Section 3, multi-sensor data fusion combined with extension 
fault type diagnosis is as follows:
• Establishment of Matter-element Matrix
The types of transformer faults can be divided into nine grades according to Table 1 and Table 2.That 
is:
{ }
{ }987654321
987654321
,,,,,,,,
,,,,,,,,
IIIIIIIII
uuuuuuuuuU
=
=
And Matter-element Matrix can be established in accordance with three ratio coding and the 
corresponding fault types. That is:
9L,2,1
)()H/CH(C
)()H/CH(C
)()H/CH(C
342223
242222
142221
=














= i
typesfaultofmeasurevcU
typesfaultofmeasurevc
typesfaultofmeasurevc
types
faulttransform
Z
i
i
i
• Determining the classical domain of fault types
We can get the matter-element matrix of classical domain, that is:
[ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ]
[ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ]
[ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ]











∞∞∞∞∞
∞∞∞∞∞
∞∞
=
,0,0,0,01,0,33,11,03,1
,11,0,31,01.0,0,0,1,11,1.0
,3,33,1.03,1.01.0,01.0,01.0,01.0,01.0,0
3
2
1
987654321
c
c
c
UUUUUUUUU
Zi
According to the matrix above and the characteristics of )3,2,1;9L,2,1( ==  jiVij , fault interval is 
divided into three categories: ],0[ b type, ],[ ba type ）（ 0>a and ],[ +∞a type ）（ 0>a .
• Establishment of diagnosis matter-element matrix 
A multidimensional matter element is defined as:
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0 1
0 2
3
0.008
0.093
1.46
U c
Z c
c
 
 =  
  
• Calculating association degree of ijv to ijK
According to the extension-related functions of three categories of fault interval in the literature [6], 
the association degrees ( )ij ijK v can be calculated, as shown in Table 5.
Table 5. The association degrees calculated
Fault type
Association 
Degree
1I 2I 3I 4I 5I 6I 7I 8I 9I
( )ij ijK v
1c 1 1 1 1 1 -0.992 -0.997 -0.997 -0.997
2c -0.007 -0.969 -0.969 -0.969 1 1 -0.969 1 -0.969
3c 1 -0.137 1 -0.513 -0.137 -0.513 -0.513 -0.513 -0.513
• Calculating the association degree of DGA sample to ith fault
In this paper, assume that the weight factor 1 2 3, ,i i iW W W is 1/3, 1/3, 1/3. According to the 
formula:
3
1
( )i ij ij ij
j
W K vλ
=
= ∑ , then the value of )9L,2,1(' =iiλ is: 1.000, 0.061, 0.570, -0.107, 0.942, -
0.116, -0.997, -0.119, -1.000.
• Synthetic diagnosis of power transformer fault type
By analyzing the association degrees, vector '1λ is the maximum (equal to 1), the transformer has 1I
fault type. While the value of '5λ is equal to 0.942, it is close to the maximum and much larger other 
correlation values, so the transformer has also 
5I fault type.
6. Conclusion
A WSN is applied to data acquisition of the gas dissolved in transformer oil for real time data 
transmission to the terminal efficiently, which can improve reliability, security and other indicators of the 
transformer condition information gathering and delivery. There may be measuring errors unavoidably
because of the environment and many other factors. This paper presents a new transformer fault diagnosis 
method based on information fusion combined with extension theory according to DGA data. Information 
fusion technology can solve the incomplete information evaluation problem by analyzing the logical 
relations between the gathered data’s. Extension theory is used to diagnose transformer fault level during
the fault diagnosis, and it utilizes matter-element matrix to describing the logical relationship of the 
system.
Theoretical results are verified the accuracy of the method by comparing the working state of power 
transformer between the calculated and experimental results. It might be seen that the method presented 
in the paper is of practicality and reliability. This method can be widely used in fault diagnosis of power
system. It is able to integrate a variety of pre-test project, online monitoring project, operation and 
maintenance, etc. and achieve a comprehensive assessment of transformer condition and show more 
superiority than the fuzzy comprehensive evaluation. The method is simple, practical and can provide a 
reasonable basis for the transformer condition diagnosis.
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